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Background Methods Results

Treatment Effect Estimation Under Unknown Interference.

Stable Unit Treatment Value Assumption (SUTVA) has two main components:

1. No Interference: Each individual’s potential outcome is only influenced by their own treatment status and
not by the treatment status of others.

2. No Hidden Versions of Treatment: Each treatment has a single, consistent version without variation.
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Representative Algorithms on Observational Networked Data.

| Settings | Effects | Prior | Sub-Modules
Method | Interference Unmeasured | Main Peer Total | Graph Summary | Reweighting Representation Attention
CNE (Veitch et al., 2019) & v v v
NetDeconf (Guo et al., 2020) P v v v
DRLearner (Leung & Loupos, 2022) v v o oV Vv v v
SPNet (Huang et al., 2023) v P v v v v v
Net-TMLE (Ogburn et al., 2024) v v v v v
GDML (Khatami et al., 2024) v v v v v v v
G-HSIC (Ma & Tresp, 2021) v v v v v
RRNet (Cai et al., 2023) v v v v v v v v
NetEst (Jiang & Sun, 2022) v v v Vv v v v
Uncertainty (Bhattacharya et al., 2020) v v
UNITE (Lin et al., 2024) v v v
CauGramer (Ours) v v v v v v v

* Without interference effects: CNE and NetDeconf algorithms use reweighting and balanced representation learning;
* Known interference graph: DRLearner, SPNet, Net-TMLE, GDML, G-HSIC, RRNet, NetEst;
* Unknown interference:
* Uncertainty algorithm proposes a method integrating structure learning and causal inference to estimate the
Population Average Overall Effect (PAOE) under network uncertainty and partial interference.
» UNITE algorithm uses a Graph Structure Learner to infer the hidden interference structure by constructing a
complete graph and imposing LO-norm regularization to identify significant connections. B
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Parameters of Interest.

Definition 1 (Individual Main Effects (IME)). IME denotes the effects of self-treatment, i.e.,
T]ME(QZ,L') — y(azi, LPp,, 1, 073) — y(a:i, Lp,, O, 073).

Definition 2 (Individual Peer Effects (IPE)). IPE denotes the effects of peers’ treatments, i.e.,
mre(Ti, tp) = y(x;, ©p,,0,tp) — y(x;, Tp,,0,0p) for any tp € TPl

Definition 3 (Individual Total Effects (ITE)). ITE denotes the combination of main and peer effects,
i.e., Tre(xi, tp) = y(x;, ©p,, 1, tp) — y(x;, Tp,,0,0p) for any tp € T4,

Identification Assumptions.

To precisely estimate the three treatment effects, i.e., ME, PE, and TE, we first discuss causal
identification under the standard causal assumptions on networked data (Jiang & Sun, 2022).

Assumption 1 (Positivity). The probability of a unit with their peers to receive any treatment pair
(t,tp)) is always positive, i.e., 0 < P(t; =t, tp, =tp | x;, xp,) < 1 forany x;.

Assumption 2 (Consistency). The potential outcome is the same as the observed outcome under the
same self-treatment and peer-treatments, i.e., y; = y(x;, p,, t;, tp,) for treatment pair (t;,tp,).

Assumption 3 (Unconfoundedness). The self-treatment and peer-treatments are independent of the
potential outcome given self and peer’ features, i.e., y(x;, xp, ,t,tp) 1L (t,tp) | (x;, xp,).
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Identification Theorems.

Theorem 1 (Causal Identification). Given these assumptions, while the Stable Unit Treatment Value
Assumption (SUTVA) does not hold under networked interference, the treatment effects are identified
as long as we can control the confounders x; and the peers xp.,.

Proof. As shown in Figure 1, when we consider the (unknown) peer interference graph, all common
causes (x;, xp,) of treatment pair (¢;, tp,) and outcomes y; have been discovered. Thus, we have:

TITE(ZU@',tP> — E[y<wi7w77i7 l,tp) | wiawpi] o E[y(wiawpwoaop) | w’i?wpi]
— E[y(wu Lp,, l,tp) ’ Li, LPp,, t,tp] — E[y(wza wpmoa 073) | L, ZEP“O, 073] (1)
= E[yl,tp ’ wivamt?tp] _ ]E[yo,(]p ‘ '/-B’L'ampiaoa 073]7 (2)

where y; ¢, 1S the observed outcome when the unit and its peers have features x;, xp, and receive the
treatment pair (¢, tp). Eq. (1) holds under the Uncounfoundedness, i.e., y(x;, xp,, t,tp) 1L (t,tp) |
(x;, xp,). Eq. (2) holds under the Consistency Assumption, i.e., y¢.t, = y(x;, xp,,t,tp). Theorem
1 holds for any treatment pair (¢, ¢t ) under Positivity Assumption, i.e., P(t; = t,tp, = tp) > 0. O

However, since the interference graph is unknown, we cannot directly model the expectation function
Elyttp, | xi,xp,,t,tp|. Nevertheless, under the Unconfoundednes assumption, we know that
y(x;,xp,, t, tp) L {t;,tp.} | {x;,xp,}. Therefore, if we control for all observed confounders
{x;} ,, we can infer to y(zx;, xp,,t, tp) L {t;,tp,} | {x;}} ;. The interaction information in the
interference graph is embedded within the node and network features. To capture this, we propose
using two functions, g, and g, to represent peer feature and peer treatment information, respectively.
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Identification Theorems.

Theorem 1 (Causal Identification). Given these assumptions, while the Stable Unit Treatment Value
Assumption (SUTVA) does not hold under networked interference, the treatment effects are identified
as long as we can control the confounders x; and the peers xp.,.

Proof. As shown in Figure 1, when we consider the (unknown) peer interference graph, all common
causes (x;, xp,) of treatment pair (¢;, tp,) and outcomes y; have been discovered. Thus, we have:

ne(xi, tp) = Ely(x;, xp,, 1,tp) | i, xp,] — Ely(x;, xp,,0,0p) | x;, xp,]
= E[y(wi, Lp,, 1, tp) ’ Li, Lp,, t, tp] — E[y(wi, Lp;, O, 073) | L, Lp,, O, 073] (1)
= Ely1,¢p | Ti,Tp,,t,tp] — Elyo,05 | i, Tp,,0,0p], (2)
where y; ¢, 1s the observed outcome when the unit and its peers have features x;, p, and receive the
treatment pair (¢, ¢p). Eq. (1) holds under the Uncounfoundedness, i.e., y(x;, xp,,t,tp) L (t,tp) |

(x;, xp,). Eq. (2) holds under the Consistency Assumption, i.e., y¢.t, = y(x;, xp,,t,tp). Theorem
1 holds for any treatment pair (¢, ¢t ) under Positivity Assumption, i.e., P(t; = t,tp, = tp) > 0. O

Assumption 4 (Representation). The treatment vector tp, of peer nodes can be captured by a peer
treatment function g, and the confounder vector xp, by a peer confounder function g..

Proposition 1 (Interference). If the unknown interference graph E is latent in full graph information
{z,t, A}, then, the outcome El|y; +,, | ©;, Tp,,t, tp] is identified.
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Causality-based Graph Transformer (CauGramer)

| Objective Function: rrTn?n max 1-y)- (MSE(?, Y) + a-IPM(R,, R, T) + B - Cross_Entropy(T, T)) +y Wy -Y) I Advance: Graph Transformer
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Advance: Joint Balancing

Traditional algorithms assume
that peer-treatments would not
influent  self-treatment, only
address the confounding bias in
main effect estimation.

In this work, we proposes a joint
representation balancing, which
relaxes the previous treatment-
independence assumption.
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Causality-based Graph Transformer (CauGramer)
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Table 2: Results of Constant Treatment Effects Estimation on BlogCatalog (BC) and Flickr Datasets.

®
Experiment
BC Effects CFRNet DRLearner NetDeconf G-HSIC SPNet CAL  Graphormer RRNet NetEst  CauGramer

Results AME 0.058 o3 0.21010.03 0.07510.03 0.076+0.04 0.06610.04 0.0831+0.03 0.08610.06 0.1054+0.05 0.076.0.02 0.05440.03
eave APE 0.11710.06 0.20710.02 0.351+0.00 0.387+0.02 0.22310.10 0.37040.07 0.43610.03 0.22910.06 0.078 ¢ oo 0.034.10.03
ATE 0.123:;:0_07 0.064:1:0_05 0.337:;:0,09 0~351:i:0.06 0.203:}:0_10 0-35510.08 0.349:}:0407 0.2965:0406 0.065:&0,03 0.039:}:0,04

Datasets. TOAE, 005G OB e 10 119800 0.1 Dsiae DL 100 s D:1 toins ODILions DDy D090 g D0 e ey
- - Jemmm IPB 00129 s 09204005 0:-365%0 050410 iz 023050 0.384 15107 0A5T.g0z 0238 i 0,092, 00442505
Following previous works, ITE 0.14710.07 0.51410.01 0.351.0.00 0.38410.06 0.21340.00 0.37010.08 0.42910.0s 0.3114006 0.117 00, 0.06340.04
we use pseudo-real datasets Flickr Effects CFRNet DRLearner NetDeconf G-HSIC ~ SPNet ~ CAL  Graphormer RRNet  NetEst CauGramer
from BlogCatalog (BC) and AME 00664004 0.110450.05 0.08810.03 0.09610.03 0.05410.03 0.09040.05 0.030 05 0.16010.03 0.06310.0s 0.02810.03
. Gggry VAR 0 4591 Laiing 1385 eming 01358 e D 190 pim 00309 v s 4003 01268 ey D055 s 0.0 1 9igrar
Flickr, where the features (x) ATE. 04455 o5 0:117 55,067 10.35156 65 0:300 .65 01312565 031056106 0:38255008 0.374 1513 00735 5, 00325665
and social networks (A) are IME 0.11910.04 0.51710.01 0.13420.05 0.129:0.00 0.0799,05 0.1370.07 0.08610.03 0.229:0.04 0.095.0.05 0.047+0.04
. JeimE IPB 01981001 094046103 10,3824 67 0:405 20104 01315505 0.33%5 5005 0458502 0:294 5010 0.0705.,09. 008261

real, while treatments (t), ITE 0.17710.05 0.53110.02 0.38010.05 0.36340.00 0.14210.05 0.33440.06 0.44310.04 0.40540 15 0.105 1 o5 0.05110.02

outcomes (y), and . .
¥) Table 3: Results of Heterogeneous Treatment Effects Estimation with/without Unconfoundedness on

interference (E) are BlogCatalog (BC) and Flickr Datasets. The best is boldface while the second best is underlined.
simulated.

BC  Effects CFRNet DRLearner GDML SPNet NetEst CEVAE CNE UNITE |C.G.(UC) C.G.(NC) CauGramer

Evaluation AME 0~106i0.03 0~196i0.07 0.166i0,06 0~083i0.06 0.089]50_03 0~081i0.03 0.186i0,04 0-069i0.00 O~109i0.07 O~092i0.07 0'073:|:O.06

M €EAVE APE 0.092:‘:0_05 0183:!:0.03 0371:!:0.06 0212:!:0.11 0'077:|:0-02 0.403:|:0_[]1 0.519:|:U.05 = 0-067:|:0.04 0~055:t0.03 0.057:‘:0‘04

ATE Dl16gg: 0099:90; 05371000 02431 01095505 B350z 1.127500a 5 0.077+005 0.047.05 0.0454:004

We use the Average Absolute IME 0.1501003 0.5441003 0.265100s 0.1311007 0.1475003 0.120.00s 02881005 0.1941000 |0.15950.10 0.1391000 0.09040.05

Jamm IPE 02%%ua 0216i00s 0Alliges 02165 01550 0139 rgai 05525 0: b 0.125:002 01171002 0.118. 602

Error (e AVG) on AME, APE, ITE 0.218490s 0.5291002 0.60710.10 0.27940.10 0.1731002 0.3981003 0.61010.06 - 0.1494003 0129,y 0.12510.01

and ATE as evaluatlon metrlc Flickr Effects CFRNet DRLearner GDML SPNet NetEst CEVAE CNE UNITE | C.G.(UC) C.G.(NC) CauGramer

AME 0.0911005 0.1351008 0.239:008 0.0961006 0.0694005 0.0631004 0.1684005 0.0431000 |0.0911007 0.0731005 0.058, 0 05

EAVE APE 0.1604008 0.21640.02 0.38140.02 0.16640.07 0.067+0.05 0.43240.05 0.56240.06 - 0.067+0.02 0.038,002 0.030+0.03

We use (\/EPEHE) on IME, IPE, ATE 0200 0:13kcgor 0.620:50s 0203500s 0123200 0389008 1055000 3 0.056100s4 0.032,003 0.025.003

. . IME 0.1741006 0.5291002 0.3591010 0.1471907 0.1361008 0.139i004 0.2611006 0.2124000 | 0.1414008 0.107. 006 0.096.0 06

and ITE as evaluation metric. JemE IPE 0.2071007 0.2641002 0.4481002 0.2134006 0.1561003 0.5054005 0.63710.06 - 0198 501, 012 5 OV o0y

ITE 0.2741008 0.54741002 0.7161009 0.2521007 0.18510.05 0.47810.04 0.6691907 = 0.1500.02 0'127:|:0.01 0.125.0.01 .
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